We analyze the dynamic properties of the relative income of Brazilian states for the 1985-2008 period. Unit root tests suggest that shocks to relative income have permanent effects, contradicting the stochastic convergence hypothesis. On the other hand, interval estimates of the largest autoregressive root produce wide confidence intervals that include many alternatives consistent with stationarity. Additionally, the confidence interval estimate of the half-life suggests that relative income shocks die out relatively quick, within an average of 0 to 5 years. These results suggest that relative income shocks have a temporary effect, thus supporting the stochastic convergence hypothesis. Furthermore, we build a relative income series for the Brazilian states for the 1947-2008 period and redo the exercises above. Finally, all of our results remain the same when we extend the sample to the 1947-2008 period.
Introduction
The neoclassical growth model posits that economies with the same microeconomic specifications converge into the same income level in the long run. That is, regardless of their initial income level, economies with the same microeconomic specifications have the same equilibrium income level. This is probably the most tested implication of the neoclassical growth model in the literature. In particular, the initial tests of income convergence, typically conducted in specifications with cross-sectional data, had a negative relationship between average growth and initial income as evidence in favor of the convergence hypothesis. These tests are known in the literature as β-convergence 1 tests. Essentially, these tests verify if initially poorer economies grow faster than initially richer ones.
As databases with longer income per capita series became available, time series tests of convergence were developed. In a time series environment, the convergence property of the neoclassical model was initially defined and tested by Durlauf (1995, 1996) , using cointegration and unit root. In this case, convergence tests were referred to in the literature as the stochastic convergence hypothesis. The stochastic convergence hypothesis postulates that income differentials between economies with the same microeconomic specifications are expected to be temporary. In other words, relative income shocks may have temporary effects.
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These tests consist in running unit root and cointegration tests on relative income across pairs or groups of economies. The papers which used the cointegration and unit root tests typically found unfavorable results for the stochastic convergence hypothesis (Bernard and Durlauf, 1995) .
Nevertheless, as widely discussed in Mello (2011) , unit root and cointegration tests are not appropriate for testing stochastic convergence. First, the problem with the low power of unit root tests leads to the rejection of the convergence hypothesis. It is common knowledge that unit root tests are plagued by low power and have non-convergence as their null hypothesis, which means that the rejection of non-convergence is very unlikely when this hypothesis does not hold. Thus, the null hypothesis of non-convergence is often accepted. Second, the income series are available for relatively short periods and are characterized by high persistence, which further decreases the power of unit root tests, causing the rejection of the stochastic convergence hypothesis.
The persistence of income can be easily illustrated by the well-known stylized fact of the cross-sectional convergence literature which states that the rate of convergence is equivalent to 2% per year (Barro and Sala-i-Martin, 2004 ). This yearly rate implies a 35-year half-life, i.e., in the presence of an income shock, the economy takes 35 years to transit halfway to a new equilibrium at a postshock level. Assuming that income follows an autoregressive process of order 1, y t = αy t−1 + ε t , the half-life, denoted by h, is given by h = ln(1/2)/ ln(α). In this case, the autoregressive coefficient α associated with a 35-year half-life is 0.98. With autoregressive parameters so close to unity, it is not surprising that the unit root tests reject the hypothesis of stochastic convergence too often. Mello (2011) analyzed the dynamic properties of relative income in U.S. states based on these observations. Particularly, he estimated confidence intervals for the largest autoregressive root and for the half-life of relative income shocks in 48 U.S. contiguous states for the 1929-2002 period. Taking into account sample variability and an estimation that is robust estimation to small samples and to high persistence, Mello (2011) found strong support in favor of the stochastic convergence hypothesis.
Using an alternative strategy to deal with the high persistence of income shocks, Michelacci and Zaffaroni (2000) and Mello and Guimarães-Filho (2007) investigate time series convergence in developed countries using fractionally integrated models that capture well the (low) rate of income convergence (i.e., the high persistence of income shocks). More recently, following Mello and Guimarães-Filho (2007) , Lima et al. (2010) use fractionally integrated models to test the stochastic convergence hypothesis across Brazilian states for the 1947-2006 period. In this paper, we follow Mello (2011) and analyze the dynamic properties of relative income series for Brazilian states in two sampling periods: 1985-2008 and 1947-2008. 3 More specifically, we apply the traditional tests of stochastic convergence, such as ADF and stationarity tests, to the relative income series. After that, we construct confidence intervals for two measures of persistence. First, we construct confidence intervals for the largest autoregressive root of the relative income process, as proposed by Stock (1991) . Second, we construct confidence intervals for the half-life of relative income shocks that are robust to small samples and to high persistence, following Rossi (2005) .
Our interval estimates for the largest autoregressive root of the relative income series for the 1985-2008 period suggest large confidence intervals, including many alternatives consistent with stationarity, thus supporting the stochastic convergence hypothesis. This result contrasts with the evidence provided by the ADF tests, which suggest that the relative income series is nonstationary. Additionally, interval estimates of the half-life of relative income shocks robust to small samples and to high persistence suggest that income shocks die out relatively quick, within an average of 0 to 5 years, which is consistent with stochastic convergence.
The estimates for the 1985-2008 period support the stochastic convergence hypothesis. However, this preliminary result should be viewed with caution as it was obtained with a sample of only 24 observations. Therefore, in order to test the robustness of our initial results, we construct the annual GDP per capita series for Brazilian states, and then re-run the stochastic convergence tests for the extended sample. The extension of the annual GDP per capita series for Brazilian states up to 1947 is an additional contribution of our paper.
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For the 1947-2008 period, the unit root tests suggest that relative income shocks have a permanent effect in about two thirds of the Brazilian states, contradicting the stochastic convergence hypothesis. On the other hand, the interval estimation of the largest unit root of the relative income series produces wide intervals that are consistent with the hypothesis of stationarity. Besides, interval estimates of the half-life of relative income shocks that are robust to small samples and to high persistence suggest that relative income shocks die out within 0 to 5 years in three fourths of the Brazilian states. These estimates support the stochastic convergence hypothesis and confirm the results we initially found for the 1985-2008 period.
We also study the dynamic properties of the relative income series of the five Brazilian regions for the 1947-2008 period. Our estimates suggest that the dynamic properties of the relative income series for the regions of the country follow the same pattern as for the Brazilian states. Hence, there is evidence in favor of the stochastic convergence hypothesis.
Our main conclusion is that, given the variability of the sample and the use of robust methods for the construction of confidence intervals for persistence measures, such as the largest autoregressive root and the half-life of income shocks, there is evidence suggesting that income shocks in Brazilian states have a temporary effect, which is consistent with the stochastic convergence hypothesis.
This paper is organized as follows. In Section 2, we discuss the related literature. In Section 3, we discuss the data-generating process and the concept of stochastic convergence. In Section 4, we analyze the GDP per capita of Brazilian states for the 1985-2008 period. In Section 5, we present the unit root and stationarity tests for the relative income series. In Section 6, we present the interval estimates of the largest autoregressive root based on the method proposed by Stock (1991) , and in Section 7 we provide the interval estimates of the half-life of relative income shocks based on Rossi (2005) . In Section 8, we extend the sample for the period and analyze the descriptive statistics for the GDP per capita of Brazilian states for that period. In Section 9, we display the interval estimates of the largest unit root and of the half-life for the 1947-2008 period. In Section 10, we study the dynamics of the relative income series for the Brazilian regions in the extended period. Finally, Section 11 concludes.
Related Literature
At first, the studies on income convergence in Brazil dealt with the concepts of β and σ-convergence in cross-sectional samples. More recently, owing to the availability of larger and better databases, research into time series convergence has been done. In what follows, we review the related literature, placing emphasis on papers that test the convergence hypothesis using time series samples.
As mentioned above, the initial convergence literature focused on studies that used cross-sectional samples. For example, Ferreira and Ellery-Junior (1996) were one of the first authors to investigate income convergence for Brazilian states. They test the β-convergence hypothesis for Brazilian states in the 1970-1990 period. They find evidence in favor of β-convergence, i.e., initially poorer states grew faster than initially richer ones in the 1970-1990 period. Moreover, they estimate that the rate of convergence is low, implying a half-life of 37 to 57 years. Similarly, Ferreira and Diniz (1995) analyze income per capita convergence among Brazilian states in the 1970-1985 period, finding evidence in favor of GDP per capita convergence. Azzoni and Barrossi-Filho (2002) test the stochastic convergence hypothesis with GDP per capita data for 20 Brazilian states in the 1947-1998 period. They use unit root tests able to identify endogenous structural breaks. They do the following:
(i) they test for the presence of a unit root in the relative income series; if the null hypothesis of non-convergence is not rejected, the unit root tests with breaks are used; otherwise, convergence is taken as evidence;
(ii) In unit root tests with breaks, the rejection of the null hypothesis of unit root with breaks is taken as evidence for the convergence hypothesis.
Using the state-level GDP per capita to the national GPD per capita ratio as relative income measure, they find evidence in favor of the stochastic convergence hypothesis in 12 out of 20 Brazilian states. More recently, Lima et al. (2010) tested the stochastic convergence hypothesis for Brazilian states in the 1947-2006 period using fractionally integrated models, according to Mello and Guimarães-Filho (2007) and Michelacci and Zaffaroni (2000) . Lima et al. (2010) use the logarithm of the ratio between the GDP per capita of state i and the GDP per capita of São Paulo as relative income measure. They estimate an ARFIMA(0, d, 0) model for the relative income and find evidence against the convergence hypothesis. However, the results obtained by Lima et al. (2010) are not directly comparable to ours because they use the economy of São Paulo as benchmark, while we use the Brazilian economy.
Relative Income and Stochastic Convergence
We use the natural logarithm of the ratio between the GDP per capita of state i to Brazil's GDP per capita as our relative income measure. We have annual GDP per capita data on 26 Brazilian states for the 1985-2008 period, obtained from the Brazilian Institute of Geography and Statistics (IBGE) database.
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Following Carlino and Mills (1993) , we assume that there is a relative income level with time-invariant equilibrium towards which each state converges.
6 Specifically, we assume the following data-generating process:
where y i t is the relative income of state i at time t, y e i is the steady state level of relative income, and u it is a stochastic term representing deviations around the steady state level of relative income. The steady state level of relative income may differ from zero, implying that states can converge towards different equilibrium levels, which can be interpreted as the concept of conditional convergence. The term u it consists of a trend term and of a stationary stochastic process. To economize on notation, we suppress the state index and then we have
Where v 0 is the initial deviation from the steady state of relative income, and β is the deterministic rate of convergence. The concept of β-convergence implies a negative relationship between initial income and growth rate. In the specification above, this means that if a given state is above its steady state level, that is, if v 0 > 0, β-convergence will occur if the state grows more slowly than the country as a whole, i.e., β < 0. Substituting equation (2) into equation (1), we obtain the following expression
where ω = (y e + v 0 ). Equation (3) illustrates more precisely the concept of stochastic convergence. Particularly, stochastic convergence requires that deviations around the growth trend, v t , be temporary.
Following Mello (2011) , we modeled v t as a zero-mean stationary process with finite and well-behaved autocovariances. Specifically, we have
where ε t is a white noise, b(L) is a polynomial of order p − 1 with distinct and stable roots, and ρ is a "larger" but stable root. By "larger" we mean that ρ is close to unity. The hypothesis that ρ is a "larger" root implies that the process y it is characterized by high persistence. The specification in (4) implies that relative income shocks are temporary if |ρ| < 1 and permanent if |ρ| = 1. Carlino and Mills (1993) model the process v t as an AR(2), yielding p = 2. As discussed below, our estimates are made for p = 1, 2 and 3. As in Stock (1991) and Rossi (2005) , the largest autoregressive root is modeled using the "local-to-unit" theory in which it is assumed that ρ is in a decreasing neighborhood of one. Specifically, it is assumed that ρ = 1 + c/T where c is a constant, known as non-central parameter, and T is the sample size. Note that if c = 0, the data-generating process has a unit root, if c > 0 and T < ∞, we have ρ > 1, that is, the root is explosive, and, if c < 0 and T < ∞, then 0 < ρ < 1, that is, the root is stable.
The Dickey-Fuller regression equation can be obtained by combining expressions (3) and (4), as derived in Stock (1991) :
where Figure 1a shows the relative income between 1985 and 2008 for the northern Brazilian states. The northern states have, on average, a relative income below unity; in fact, the GDP per capita of these states is about 30% to 50% below the national average. The GDP per capita of Acre (AC) and Pará (PA) in the 1985-2008 period, for example, averages half the national GDP per capita; whereas that of Rondônia (RO) and Roraima (RR) accounts for approximately two thirds of the national GDP per capita. AC and RR were the northern states that grew most in relation to the country as a whole, with an average annual growth of 1.02% and 0.69% in relative income, respectively. Amazonas had the worst performance, with a negative average annual growth of 1.14%. Figure 1b shows the relative income of northeastern states. It reveals that the GDP per capita of northeastern states ranges between 20% and 60% of the national average. Besides, Figure 1b shows that there is not an upward trend for the relative income of northeastern states; on the contrary, it suggests some stability in the relative income level of these states. Figure 1c shows the relative income of midwestern states. A feature that stands out immediately in Figure 1c is that the Federal District (DF) had a big jump in income from 2002 on. At the end of 2008, the relative income of DF was almost three times higher than the national income per capita. Mato Grosso (MT) and Goiás (GO) also exhibit an impressive economic performance. In 1985, MT and 5 1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005 2007 Relative GDP per capita -North 1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005 2007 Relative GDP per capitaNortheast GO had, respectively, 59% and 55% of the national income per capita. In 2008, the relative income of these two states was, respectively, 112% and 81% of the national income per capita. 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Relative GDP per capita -Midwest
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Figures 1d and 1e show the relative income of southeastern and southern states, respectively. In the case of the southeastern states, Espírito Santo (ES) is the one with the best economic performance, compared to Santa Catarina (SC) among the southern states.
Figures 1a to 1e show the time evolution of the relative income of Brazilian states, but do not clarify what is happening to its distribution. Figure 2 shows the time evolution of the standard deviation of relative income for Brazilian states. 5 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Relative Income Standard Deviation,
1985-2008
Relative Income Standard Deviation Figure 2 states according to their relative income, both at the beginning and at the end of the sampling period. In 1985, São Paulo (SP) was the richest state in Brazil, with its income per capita 70% higher than the national average. Rio de Janeiro (RJ) ranked second, with an income per capita 40% higher than the national average. Between 1985 and 2008, the average growth rates of relative income were 0.43% and -0.13%, for SP and RJ respectively. In 2008, SP and RJ ranked second and third, respectively, in relative income distribution. However, the rapid income growth in DF shown in Table 1 is a remarkable fact. In the 24-year period, between 1985 and 2008, DF's relative income increased by an average of 3.32%, going from 1.31 to almost three times the national GDP per capita, i.e., from 31% to almost 200% above the national income per capita. Out of the seven richest states in 1985 -SP, RJ, DF, Rio Grande do Sul (RS), Amazonas (AM), SC, and ES -six remained among the richest in 2008. Only AM was ranked out, moving from the fifth to the ninth position in relative income distribution, being outranked by MT.
Panel B of Table 1 lists the seven poorest states, in accordance with their relative income -PA, AC, Rio Grande do Norte (RN), Ceará (CE), Paraíba (PB), Piauí (PI), and Maranhão (MA). Among the poorest seven states, relative income ranged between 22% and 49% of the national income per capita in 1985. In 2008, the relative income of the poorest states ranged between 34% and 64% of the national income per capita, showing that relative income distribution shifted to the right. The average growth rate of relative income of the poorest states ranges from a minimum of 0.10% (PA) to a maximum of 2.4% (MA). In other words, there are no cases of economic "miracle". Instead, the most striking feature is the persistence of (relative) poverty. Five out of the seven poorest states in 1985 (PA, CE, PB, PI, and MA) were still among the poorest in 2008. In particular, the relative income of the two poorest states (MA and PI) is slightly over one third of the national income per capita. Moreover, the changes in the positions of RN and AC, which no longer rank among the poorest states, are considered to be marginal. RN went from the 22nd to the 19th position, while AC moved from the 21st to the 18th position.
Although our primary interest is in the evolution of relative income, it is also useful to examine what happens to the distribution of the GDP per capita in each state. Therefore, we constructed two convergence measures recently proposed by Pesaran (2007) . The first measure, D 2 , is given by the following expression:
where y it and y jt are, respectively, the logarithm of relative income of state i = 1, 2, . . . , 26, and of state j = i+1, . . . , N . Note that, given the definition of relative income, y it − y jt represents the difference of the logarithm of income per capita between states i and j. This convergence measure is proportional to the concept of σ-convergence. The second convergence measure proposed by Pesaran (2007) is expressed as follows:
The Figure 4 shows the initial income (i.e., GDP per capita in 1985) vis-à-vis its average growth rate for the Brazilian states. According to Figure 4 , there does not seem to be a strong relationship between initial income and growth rate. In fact, the correlation of initial income with average growth rate is low (-0.34), suggesting a weak β-convergence process.
Based on traditional convergence tests and on M D and D 2 statistics, the dispersion of income distribution across states has been suggested to be persistent; however, in recent years, this dispersion has decreased, albeit slightly. Figure 4 cases. When the efficient DF-GLS unit root test, with lags selected by BIC and MAIC criteria, is used, respectively 8 and 4 cases of rejection of the null hypothesis of non-convergence are obtained.
Unit Root and Stationarity Tests
As is widely known, unlike the ADF test, the KPSS test has stationarity as the null hypothesis. In this case, according to Table 2 , we obtain 17 cases of rejection of the null hypothesis, i.e., according to the KPSS test, only nine relative income series are stationary. The results of ADF and KPSS tests are consistent between themselves, and, in particular, they indicate ample evidence of non-stationarity in the relative income series. Taking this result at face value, there seems to be no support for the stochastic convergence hypothesis.
However, before rejecting the stochastic convergence hypothesis we should consider that the above results might have been caused by the low power of unit root tests and by size distortions on the KPSS test. Besides, as discussed in Mello (2011) , the samples used in growth exercises are typically small and characterized by high persistence. The combination of small samples and high persistence reduces the power of unit root tests and increases size distortions on stationarity tests (e.g., KPSS).
The low power of unit root tests implies that the null hypothesis of nonconvergence is often accepted, even when the relative income process is stationary. Likewise, the results of the KPSS test should be analyzed based on potential size distortions. In the case of the KPSS test, since the null hypothesis is that of stationarity, the size of the test determines whether it is possible to reject the hypothesis if it holds. This way, if the effective size of the test is greater than its nominal size, more often than not the test will falsely reject the null hypothesis of stationarity. Elliot et al. (1996) used Monte Carlo simulations to show that the power of the ADF-BIC test for an AR(1) process with an autoregressive parameter of 0.95 and with T = 100 observations is only 0.10, but if the autoregressive parameter is 0.90, the test power rises to 0.22. Likewise, Caner and Killian (2001) provide evidence that the KPSS test may suffer from extreme size distortions when applied to a series with high persistence. This finding is quite intuitive, because it matches exactly the problem with the low power of unit root tests.
Taking into consideration the results of Elliot et al. (1996) and Caner and Killian (2001) , Mello (2011) argues that the large number of rejections of the stochastic convergence hypothesis based on the ADF-BIC and KPSS tests for the relative income series of the U.S. states is due to distortions in test power and size.
Finally, based on the observations above, we proceed with the analysis taking into account a) the variability of the sample and b) estimation methods that are robust to small samples and to high persistence.
Interval Estimates of the Largest Autoregressive Root
To better assess the persistence of relative income series, in this section we construct interval estimates of the largest autoregressive root ρ in equation (4) following the method proposed by Stock (1991) . The strategy aimed at reporting confidence intervals for the largest autoregressive root is better than the strategy for using point estimates, as in the case of unit root tests, in particular, mainly because of the low power of ADF tests.
The method proposed by Stock (1991) consists in inverting the t statistic of the ADF test to generate confidence intervals for ρ. The asymptotic distribution of the t statistic is non-normal and depends non-trivially on non-centrality parameter c. Given the estimate of the t statistic, the upper and lower values of parameter c, (c low , c up ), are obtained, and a confidence interval for ρ is generated as follows: (ρ ilow , ρ up ) = (1 + c low T , 1 + cup T ). Table 3 shows the interval estimates for the largest autoregressive root ρ. As a robustness check, we generate interval estimates assuming two cases for the datagenerating process; one with intercept only, and another one with intercept and linear trend term. When the data-generating process includes only the intercept, the average lower bound of the interval estimate is 0.470, and the upper bound is 1.010. When the linear trend term is added, the lower and upper bounds are respectively 0.246 and 0.941. In both cases, the estimates produce relatively wide confidence intervals, which include many consistent alternatives, including the stationarity hypothesis. Notes: 95% confidence intervals constructed using the ADF-BIC test statistics shown in Table  2 , and the c low and cup values available from Table 1A in Stock (1991, pp. 456-457) . * The interval estimate of the confidence interval of ρ for AL, AM, and RN produces negative upper bounds. In these cases, we do not report the estimates.
In sum, the interval estimates for ρ in Table 3 suggest that when sample variability is taken into account, one cannot rule out the possibility that all relative income series for the Brazilian states are stationary, thus supporting the stochastic convergence hypothesis.
Half-Life Estimates
In this section, following Mello (2011) and Rossi (2005) , we construct confidence intervals for the half-life that are robust to small samples and to high persistence. Half-life is an alternative measure for persistence that determines the degree of mean reversion of shocks in the relative income process. Half-life is defined as the time horizon h such that the expected value of y t+h is halved when a new equilibrium is reached after a shock. As noted above, for an AR(1) process, y t−1 = αy t−1 +ε t , the half-life is given by the expression h = ln(1/2)/ ln(α). For an AR(p) process, the half-life estimation is more complicated because it must be measured directly from the impulse response function.
Rossi (2005) deals with two half-life measures h. The first one is the approximate half-life, denoted by h a , and the second is the exact half-life, denoted by h. The approximate half-life is traditionally calculated in the purchasing power parity (PPP) literature using the expression above, h a = ln(1/2)/ ln(α). As shown below, this measure differs from that of the exact half-life in that its expression contains the coefficient of y t−1 in the data-generating process in (1) instead of ρ. It is possible to show that if p > 1, the approximate half-life differs from the exact half-life.
The expression for the exact half-life is given by h = ln(1/2.b(1))/ ln(α) where ρ is the largest autoregressive root in equation (4), and b is the correction factor used in equation (5). Note that the exact half-life can be written in terms of non-centrality parameter c. As ρ = 1+c/T , we can write ln p ≈ c/T . Using this approximation, the expression of the exact half-life is given by h = T. ln(1/2.b(1))/c. The correction factor b(1) can be consistently estimated from equation (5) A particularly important case occurs when p = 1, because, in this case, we have b(1), which implies that h = h a , that is, the exact and the approximate half-life measures match.
The following procedure is adopted to build confidence intervals for h and for h a . First, confidence intervals for the largest autoregressive root are built (ρ ilow , ρ up ), using Table 1A in pp. 456-457. Second, given that ρ = 1 + c/T , we can write c = T (ρ − 1), and obtain confidence intervals for c, (c low , c up ). Third, given the confidence intervals for c, we can build intervals for the exact and approximate half-lives using, respectively, the expressions (h low , h up ) = T.
and (h a;low , h a;up ) = T.
. Given the expression of the approximate half-life, h a − ln(1/2)/ ln(α(1)), the classical method for confidence interval construction -the Delta method -can be applied. In this case, a 95% confidence interval is given byĥ a ± 1.96. σ α(1)
−2 , where σ α (1) is an estimate of the standard error ofα(1).
Interval estimates generated by the classical method are good provided that the autoregressive parameter is within the unit circle. Anyway, it is useful to begin the exercise by analyzing the confidence intervals generated by the classical method. Table 4 shows the interval estimates for the half-life. Note: Interval estimates are calculated by assuming that the DGP contains the intercept only. We follow the procedure suggested in Rossi (2005) for the half-life estimation.
The first column shows the interval estimates constructed with the classical method. The confidence intervals for the states range between 0 and 37 years. The average lower bound is nearly zero, and the average upper bound is 9.58 years. A half-life of 9.58 years corresponds to an autoregressive parameter of 0.93, which is persistent, but stationary.
Column 2 shows the estimates for the confidence interval upper bound for the half-life.
8 In column 2, the estimates are generated assuming that p = 1, i.e., this is the case in which the exact and the approximate half-lives coincide. In this case, the confidence interval upper bound is relatively low, averaging 3.26 years. These estimates suggest that shocks to the relative income process die out quickly.
Interval estimates of the exact half-life assuming that p = 2, corresponding to the polynomial a(L), with an AR(2) structure, are shown in column 3. Estimates of the exact half-life with p = 2 produce confidence intervals between 0 and 5.8 years, with an average upper bound of 1.69 years. On average, these estimates do not change much when we add one more lag in the polynomial a(L), that is, when a(L) = AR(3). For example, in this case, the average upper bound of the interval estimate is 1.64 years, which is pretty close to the previous case.
Column 5 shows the upper bound of the confidence interval for the approximate half-life assuming that p = 2. The average upper bound of the half-life is approximately 1.71, being consistent with the previous estimates.
As discussed above, it is important to emphasize that the interval estimates constructed by Rossi's (2005) method are appropriate when the sample is small and in the presence of high persistence. Thus, in cases in which the autoregressive root is within the unit circle, the classical method can be used. Additionally, it is worth noting that the estimates in Table 4 were constructed assuming a datagenerating process containing only one intercept.
9 Anyway, the estimates above were also generated for the case in which the linear trend term is included in the data-generating process. The results, not shown here, do not change in the presence of the linear trend term.
Finally, the interval estimates for the half-life presented above suggest that relative income shocks die out relatively quick, thus supporting the stochastic convergence hypothesis.
Extending the Sample: 1947-2008
The exercise above, although informative, suffers from the small sample problem; after all, the 1985-2008 period contains only 24 observations. Therefore, it is interesting to redo the exercise above using a longer sampling period. In this section, we construct the GDP per capita of states for the 1947-2008 period and redo the exercise above.
Initially, we choose the states that will be investigated, because some states, such as Tocantins (TO), Mato Grosso do Sul (MS), and DF, do not exist in the full sampling period. Following the literature, we grouped the Brazilian states as follows:
(i) AM includes the states of AC, RO, and RR, The GDP data by state are available for 1947 -1970 , 1975 , 1980 , and 1985 -2008 . For 1971 -1974 , 1976 -1979 , and 1981 -1984 , we obtained annual data on the share of Brazilian states in the national GDP, at market prices, from Professor Carlos Azzoni's database.
11 Based on the share of each state in the national GDP, we construct the series of annual GDP by state for the whole 1947-2008 period.
To obtain the annual GDP per capita by state it was necessary to construct the series of annual population by state for the period. The population data by state are available for the following years : 1940, 1950, 1960, 1970, 1980, 1991, 1996, 2000, 2007, and 2010 . To obtain the annual series, we first construct the series for the share of each state in Brazil's total population, and then we interpolate the annual series of each state using cubic splines, and based on that, we build the annual population series for each state.
12 Finally, based on the annual series of GDP by state and on the annual population, we obtain the GDP per capita by state for the 1947-2008 period. Figure 5 shows the relative GDP per capita for the southern and southeastern states during the 1947-2008 period. The dynamics of the relative GDP per capita of southern and southeastern states suggests that the relative income levels between these regions are less dispersed. Figure 6 shows the relative GDP per capita of northern and midwestern states, while Figure 7 shows the relative GDP per capita of northeastern states. Except for MT and GO, Figures 6 and 7 show that the relative GDP per capita of northern and midwestern states exhibits no upward or downward trend, as occurs with the northeastern states. This indicates that relative income in the northeastern region remained constant over the 1947-2008 period, a finding we corroborate below after investigating the dynamics of Brazilian regions. Table 5 shows the seven richest and the seven poorest states by relative income for the 1947-2008 period. In 1947, RJ was the richest Brazilian state, with GDP per capita 110% above the national average. SP was the second richest state, with GDP per capita 85% higher than the national average. Between 1947 and 2008 the average growth rate of relative income was -0.69% for RJ and -0.31% for SP. Out of the seven richest states in 1947 -RJ, SP, RS, PR, SC, AM, and MG -five 1947 1950 1953 1956 1959 1962 1965 1968 1971 1974 1977 1980 1983 1986 1989 1992 1995 1998 2001 2004 2007 Relative GDP per capita, South and Southeast 1947 1950 1953 1956 1959 1962 1965 1968 1971 1974 1977 1980 1983 1986 1989 1992 1995 1998 2001 2004 2007 Relative GDP per capita, North and Midwest AM PA GO MT 1947 1950 1953 1956 1959 1962 1965 1968 1971 1974 1977 1980 1983 1986 1989 1992 1995 1998 2001 2004 2007 Relative GDP per capita, Northeast 
Stochastic Convergence: 1947-2008
As in Sections 3-7, our measure of relative income is the logarithm of the ratio between GDP per capita of state and the national GDP per capita. Table 6 shows the unit root and stationarity tests for the relative income of Brazilian states in the 1947-2008 period. The ADF-BIC tests suggest the presence of a unit root in 12 out of the 20 relative income series. Efficient unit root tests, i.e., DF-GLS with selection of BIC lags, are more favorable to the convergence hypothesis, rejecting the unit root null in 13 series. However, when MAIC is used for the selection of lags, the number of rejections drops to 7. Likewise, the KPSS stationarity test rejects the null hypothesis in nine cases. In general, the ADF and KPSS tests do not support the stochastic convergence hypothesis. Table 7 provides the interval estimates of the largest autoregressive root for the relative income series of Brazilian states. When the data-generating process does not include the trend term, the average lower bound of the confidence interval is 0.643, whereas the average upper bound is 1.028. When the linear trend term is included in the data-generating process, the average lower bound of the confidence interval is 0.509, and the average upper bound is 1.020. In both cases, and in the case of the 1985-2008 sampling period, the intervals for the largest autoregressive root are large and include many alternatives compatible with the stationarity hypothesis. Table 8 shows the interval estimates of the half-life of relative income shocks. Column 1 shows interval estimates using the classical method. In this case, the interval lower bound is close to zero in almost all states. The average upper bound is 18.09 years when SP is included in the calculation, and 11.48 years when SP is left out.
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Column 2 shows the estimates of the upper bound of the confidence interval for exact half-life for p = 1. In this case, the average upper bound is 4.08 years. When we add one more lag in the data-generating process (column 3), the average upper bound is 11.4 years. In column 4, the estimates of the confidence interval for exact half-life take on an AR (2) structure for the process v t . In this case, the average upper bound is 5.4 years. As with the small sample, these estimates suggest that the shocks die out relatively quick, thus supporting the stochastic convergence hypothesis.
In conclusion, all our results for the 1985-2008 period remain unchanged when the sample is extended to the 1947-2008 period. Note: Interval estimates are calculated by assuming that the DGP contains the intercept only. We follow the procedure suggested in Rossi (2005) for the half-life estimation. The states were grouped as in Table 5 .
Stochastic Convergence Across Brazilian Regions: 1947-2008
The relative income series constructed in Section 8 allows us to analyze the dynamic properties of the five Brazilian regions for the 1947-2008 period. In this section, we show that the midwestern region has the best economic performance in terms of relative income. Moreover, the dynamic properties of the relative income series of Brazilian regions are consistent with the results we found separately for each state. In particular, there is evidence in favor of the stochastic convergence hypothesis. Table 9 shows the initial and final relative income for the 1947-2008 period for the five Brazilian regions, as well as the average growth rate. As previously mentioned, the midwestern region is the one with the best economic performance, with an average growth of 1.4% per year over the 1947-2008 period. The relative income of the midwestern region in 1947 was about half the national income per capita, but in 2008, the relative income was 22% above the national average. The relative income of other regions is stable, with growth rates close to zero. Table 10 shows the analysis of the dynamic properties of Brazilian regions. The ADF-BIC and DF-GLS-MAIC tests suggest ample evidence of non-stationarity; the unit root null hypothesis was not rejected in any of the cases. However, as with the individual series of the states, the estimates of the largest unit root produce wide confidence intervals that include many alternatives consistent with stationarity. Besides, interval estimates of the half-life of income shocks suggest that these shocks die out relatively quick. For instance, the upper bound of the confidence interval calculated by the classical method for the half-life of income shocks for four out of the five Brazilian regions is about 10 years. Likewise, the upper bound of the confidence interval for the half-life calculated by robust methods is, in most cases, about 2 years. Finally, the estimates presented in Table 10 suggest that there is evidence in favor of the stochastic convergence hypothesis. Notes: ADF and KPSS tests include only one intercept. *, **, and *** denote, respectively, rejection at 10%, 5%, and 1%.
Conclusion
In this paper, we investigated the dynamic properties of relative income series of Brazilian states and regions for the 1985-2008 and 1947-2008 periods. In both periods, the interval estimates of the largest autoregressive root produce wide confidence intervals which include many alternatives consistent with stationarity. In addition, interval estimates of the half-life of the income shocks, robust to small samples and to high persistence, suggest that income shocks die out relatively quick, within an average of 0 to 5 years. These results support the stochastic convergence hypothesis for the Brazilian states.
